Quantification of gene expression is crucial to connect genome sequences with phenotypic and physiological data. RNA-Sequencing (RNA-Seq) has taken a prominent role in the study of transcriptomic reactions of plants to various environmental and genetic perturbations. However, comparative tests of different tools for RNA-Seq read mapping and quantification have been mainly performed on data from animals or humans, which necessarily neglect, for example, the large genetic variability among natural accessions within plant species. Here, we compared seven computational tools for their ability to map and quantify Illumina single-end reads from the Arabidopsis thaliana accessions Columbia-0 (Col-0) and N14. Between 92.4% and 99.5% of all reads were mapped to the reference genome or transcriptome and the raw count distributions obtained from the different mappers were highly correlated. Using the software DESeq2 to determine differential gene expression (DGE) between plants exposed to 20 • C or 4 • C from these read counts showed a large pairwise overlap between the mappers. Interestingly, when the commercial CLC software was used with its own DGE module instead of DESeq2, strongly diverging results were obtained. All tested mappers provided highly similar results for mapping Illumina reads of two polymorphic Arabidopsis accessions to the reference genome or transcriptome and for the determination of DGE when the same software was used for processing.
Introduction
Since the completion of the human genome project in 2003 [1] , sequencing technologies have developed extraordinarily fast. The resulting data have revealed the astonishing complexity of genome architecture and transcriptome composition. In this context, transcript identification and the quantification of gene expression play crucial roles in connecting genomic information with phenotypic and biochemical measurements. These two key aspects of transcriptomics can be combined in a single high-throughput sequencing assay called RNA-Sequencing (RNA-Seq). This approach allows detailed transcript profiling including the identification of splicing-induced isoforms, nucleotide variation and post-transcriptional base modification [2] .
While comparative studies of diverse read aligners have been performed using data with a corresponding reference genome or transcriptome [3] [4] [5] [6] [7] or de novo assembly [8] [9] [10] , only little evaluation is available of the performance of read mappers for data generated from genotypes within a species showing sequence polymorphisms. In this study, the algorithmically different mappers bwa, CLC Genomics Workbench, HISAT2, kallisto, RSEM, salmon and STAR were used to map experimentally generated RNA-Seq data from the two natural accessions Columbia-0 (Col-0) and N14 of the higher plant Arabidopsis thaliana and to quantify the transcripts.
Bwa (Burrows-Wheeler-Alignment) was developed for mapping short DNA sequences against a reference genome and was extended for RNA-Seq data analysis. For indexing, the algorithm constructs a suffix array and Burrows-Wheeler-Transformation (BWT), and subsequently matches the sequences using a backward search [11] . STAR (Spliced Transcripts Alignment to a Reference) is a specialized tool for RNA-Seq reads that uses a seed-extension search based on compressed suffix arrays [12] and can detect splice-junctions. HISAT2 (Hierarchical Indexing for Spliced Alignment of Transcripts 2) is also a splice-aware aligner using a graph-based alignment approach (graph Ferragina Manzini index) that can align DNA and RNA sequences [13] . RSEM (RNA-Seq by Expectation Maximization) is a software package that quantifies transcript abundances. It can employ different pre-defined mappers such as bowtie2 and based on the generated alignments utilizes a maximum likelihood abundance estimation, the expectation-maximization algorithm, as the statistical model to quantify transcripts [14] . By contrast, salmon and kallisto are tools which do not perform a classical alignment of individual bases, but instead implement new strategies for RNA-Seq quantification. Salmon is based on the concept of quasi-mapping. It uses a suffix array that is BWT-indexed and searched by an FMD algorithm, allowing the discovery of shared substrings of any length between a read and the complete set of transcripts. Mismatches are handled with chains of maximally exact matches [15] . The concept of kallisto is based on pseudo-alignments. Pseudo-alignments define a relationship between a read and a set of compatible transcripts. This relationship is computed based on "mapping" the k-mers to paths in a transcript De Bruijn graph. As the pseudo-alignments are generated, equivalence classes are computed and used for the relative isoform quantification [16] . CLC read mapping utilizes an approach described by Mortazavi et al. [3] and is the only commercial tool with a graphical user interface included in our study.
Here, we compare the performance of these seven RNA-Seq mappers in the analysis of experimentally generated transcriptome data covering more than 30,000 Arabidopsis thaliana genes. The analysis compares alignment accuracy and quantification to enable comprehensive biological interpretation. For the RNA-Seq experiment, RNA was isolated from the higher plant Arabidopsis thaliana and the performance of each software was tested on 150 bp single-end reads from the two natural accessions Col-0 and N14 [17] . Mappability, raw count expression, overall similarity of the count distribution and differential gene expression (DGE) were analyzed to compare the mappers. The two splice-aware aligners HISAT2 and STAR were compared for accuracy by mapping the reads against the reference genome without an annotation. Additionally, an in silico approach to characterize the correctness of the mappers was performed (see Figure 1 for a schematic description of the analysis workflow). 
Results

Mapping Statistics
After pre-processing, the resulting dataset contained 36 samples [17] with a sequencing data size ranging from about 21 to almost 33 × 10 6 reads (Table A1 ). In general, a high fraction of the total reads was mapped for both accessions. The mapping for Col-0 was slightly better than for N14 ( Figure 2 ) with mapped reads between 95.9% (bwa) and 99.5% (STAR). For N14 between 92.4% (bwa) and 98.1% (STAR) of the reads were mapped against the respective reference sequence of Col-0 (Table A2 ).
Figure 2.
Mapper comparison based on mappability. Number of mapped reads against the Col-0 reference sequence for all seven mappers and each accession separately. The analysis included RNA-Seq data from 36 biological samples. Outliers for N14 were in each case sample V for minimum, sample AF for maximum (see Table A3 for sample information).
Raw Count Distribution for Individual Samples
Raw count distributions between the mappers were investigated for both accessions. The unfiltered expression values for each mapper were plotted against each other and correlations computed. The results for one control sample of Col-0 (sample A) and N14 (sample B) are shown as an example (Figure 3 ). For Col-0 ( Figure 3a ), high correlation coefficients between 0.977 (STAR vs. CLC) and 0.997 (kallisto vs. salmon) were determined. For N14 ( Figure 3b ) the correlation coefficients ranged from 0.978 (CLC vs. HISAT2) to 0.996 (kallisto vs. salmon). Regarding the STAR and HISAT2 comparisons with all other mappers, a higher variance was observed in the direction of STAR and HISAT2 for lowly expressed genes. Table A3 for sample information). Lower triangle represents scatterplots of log 2 (counts + 1) transformed, unfiltered raw counts for each mapper plotted against each other. The diagonal histograms show the density of the raw count distribution for each mapper. The upper triangle displays the correlation coefficients.
Overall Comparison of the Mappers
For a more quantitative comparison, the raw counts generated by each mapper from all samples were compared against each other employing the R v coefficient to quantify similarity. The raw count tables generated by the seven mappers have a high similarity indicated by R v values close to 1 (Figure 4 ). Salmon and kallisto showed the highest similarity (R v = 0.9999). CLC mapped slightly differently compared to bwa, HISAT2, kallisto, RSEM and salmon. However, it should be stressed that the raw count tables of all mappers were very similar; with 0.9804 as the lowest R v value (CLC vs. HISAT2). To investigate the effect of mapper choice on further statistical analysis, differentially expressed genes between control and cold acclimated conditions were determined [17] . In the read mapping steps, the aligners bwa, salmon and kallisto, using the transcriptomic reference, identified 32,243 expressed genes and thus 1,359 genes less than the other mappers with 33,602 genes each. This difference is due to the presence of non-coding RNAs such as transfer RNAs (tRNA) and micro RNAs (miRNA) in the genomic reference, which are absent from the transcriptomic reference that is based on poly-adenylated mRNAs. Prior to DGE analysis, transcript raw count tables were filtered to remove lowly expressed genes with less than five counts over all 36 samples, resulting in 23,903 (CLC) to 25,144 (RSEM) genes ( Table 1) . While this cut-off is admittedly arbitrary, most genes are removed with a cut-off of 1 read count (around 20%), while additional increases from 2 to 10 counts only reduce the number of genes by 2-0.3% per additional count, making the exact cut-off rather uncritical. The percentage of overlapping DGE (control vs. cold acclimated) identified by each pair of mappers was analyzed in both directions using DESeq2 [18] in all cases and was plotted in an asymmetric matrix. For Col-0 ( Figure 5a ) kallisto and salmon yielded a large overlap of DGE of 98% (kallisto vs. salmon) and 97.7% (salmon vs. kallisto). For N14 ( Figure 5b ) slightly smaller overlaps were detected, but also here salmon and kallisto (97.6% and 96.4%) yielded the largest overlap. On the other hand, for both Col-0 and N14 the lowest overlaps were detected for bwa and STAR (93.4% and 92.1%, respectively). In general, a smaller overlap of DGE between 92% and 94% was identified for the comparisons of STAR and HISAT2 with the remaining five mappers. DGE analysis [19, 20] was additionally performed directly in the CLC software instead of using DESeq2. Using the standard significance levels for these two software packages (FDR < 0.1 and FDR < 0.05 for DESeq2 and CLC, respectively) this resulted in a much higher number of significantly differentially expressed genes for the two exemplary comparisons, detailed under Methods, compared to the DESeq2 analysis (Table 2) . Also, there was only a limited overlap between the results of the two methods. All mappers have different options to perform RNA-Seq quantification ( Table 3) . While most mappers can only use either a genome or a transcriptome reference, CLC, HISAT2 and STAR are able to use both types of reference sequences to align transcripts. Depending on the downstream analysis, it is essential which output each mapper provides. The classical alignment-based mappers bwa, CLC, HISAT2, RSEM and STAR provide an alignment output of the reads against the references, whereas salmon and kallisto only provide read quantifications. Nevertheless, kallisto offers a "pseudo-alignment" which can generate alignment files and salmon provides an option to re-quantify RNA-Seq reads using previously generated alignments against the transcriptome as obtained, for example, from STAR. Five out of the seven mappers generate transcript count tables. Only for HISAT2 and bwa additional tools have to be employed for this purpose. 
For a more detailed investigation of the comparability of the outputs of different mappers, three of the seven mappers were analyzed in detail regarding read position on the reference sequence. The overlap of reads from one sample, which were mapped by HISAT2, bowtie2/RSEM and STAR, was determined and the positions of the mapped reads on the reference genome were compared. For Col-0 around 11.2 × 10 6 ( Figure 6a ) of around 24.9 × 10 6 mapped reads and for N14 around 10.5 × 10 6 reads ( Figure 7a ) of around 22.0 × 10 6 mapped reads were located on the same genomic position by all three mappers. For both accessions, bowtie2/RSEM showed a high number of reads mapping to a different position compared to HISAT2 and STAR. The number of reads with a unique position was between 20.4-fold and 10.9-fold higher for bowtie2/RSEM than for the other two mappers. Hence, the differences in read positions were determined, showing that most of these reads had a position that differed by one base pair. This is the result of soft clipping of the first or last base pair that is performed by HISAT2 and STAR. After adding the base pair back to the reads in HISAT2 and STAR, the overlap with RSEM increased to 20.8 × 10 6 reads for Col-0 ( Figure 6b ) and to 17.9 × 10 6 reads for N14 ( Figure 7b ). However, RSEM still produced between 18.4-fold and 3.8-fold more uniquely positioned reads than HISAT2 and STAR that cannot be explained by soft clipping. Table A3 for sample information). A high number of the uniquely mapped reads in RSEM was based on soft-clipping by one bp performed by HISAT2 and STAR (a). The reads in HISAT2 and STAR were corrected by adding the soft-clipped bp back and the overlap with RSEM increased strongly (b). Table A3 for sample information). A high number of the uniquely mapped reads in RSEM was based on soft-clipping by one bp performed by HISAT2 and STAR (a). The reads in HISAT2 and STAR were corrected by adding the soft-clipped bp back and the overlap with RSEM increased strongly (b).
Additionally, the two splice-aware aligners HISAT2 and STAR were tested for accuracy. Reads of all 36 biological samples were mapped against the reference genome sequence without annotation and reads on exons were determined with featureCounts (Table 4 ). For Col-0, 93% (STAR) and 94% (HISAT2), and for N14 around 91% (both mappers) of the primary alignments were mapped to known exons. A small fraction of reads were not assigned to the annotated exons due to no mapping, multimapping (i.e., mapping to more than one location) or mapping to intergenic regions. To test accuracy of HISAT2 and STAR, reads of the 36 biological samples were mapped against the reference genome without including an annotation. More than 90% of reads were mapped for both accessions and mappers to known exons while a small fraction was either unmapped, multimapped or mapped to intergenic positions.
Mapping of in Silico Generated Reads
To investigate whether mappers placed the mapped reads in the correct positions on the reference genome, the alignment results for in silico generated Col-0 RNA-Seq reads were analyzed using HISAT2, bowtie2/RSEM and STAR. All three mappers correctly positioned a high percentage (almost 99%) of the reads on the respective reference sequence (Table 5 ) for the primary alignments. Almost all remaining reads were mapped to the correct gene, but to a different transcript. Furthermore, only 0.001 to 0.03% of the reads were not mapped against the reference sequence for all mappers. A small number of reads mapped to intergenic regions for STAR and HISAT2 while for bowtie2/RSEM all reads were mapped on known genes. This derives from the fact that the used mapper bowtie2 is a splice unaware aligner that only maps against the transcriptome which was extracted from the genome reference. For the secondary alignments of HISAT2 and STAR, which only constituted 3.2% (STAR) and 3.8% (HISAT2) of the total alignments, 41.5% (HISAT2) and 36.9% (STAR) of the reads were correctly aligned. The majority of the secondary alignments, 55% for HISAT2 and 59% for STAR, mapped the reads to wrong positions, mostly to wrong (unrelated) or paralogous genes. For bowtie2/RSEM, almost 43% of these reads were mapped multiple times. Nearly 96% of these reads were mapped to the wrong gene. For a better overview, the alignments were split into primary and secondary alignments. If a read maps multiple times against the reference, one mapping is defined as primary (underlying criteria depend on the mapper), while the other mappings are classified as secondary alignments.
Discussion
RNA-Seq data from the Arabidopsis thaliana accessions Col-0 and N14 were mapped with five alignment-based and two pseudo-alignment tools. For Col-0, high mappability of the 150 bp single-end Illumina reads to the Col-0 reference genome or transcriptome was found for all seven alignment tools, ranging from 95.9% (bwa) to 99.5% (STAR). A slightly smaller fraction of the reads obtained from N14 was mapped to the same references, ranging from 92.4% to 98.1%. The high quality of the reference sequences may contribute to the high fraction of mapped reads. For both accessions, bwa had the lowest performance and STAR the highest, although it should be stressed that differences in mappability for any sample between the mapping tools ranged only from 1% to 4%. Comparable performance of different mapping tools has been found in previous studies using either simulated reads or RNA-Seq reads obtained from various non-plant organisms [21] [22] [23] [24] [25] . On the other hand, another report showed that seed-extended approaches used by STAR performed better than e.g., exon-first approaches, when mapping reads from genetically polymorphic species [26] .
Considering the two accessions separately, the high number of mapped reads for Col-0 is in agreement with the fact that the Col-0 reference sequences were used for mapping. However, a small number of reads was not mapped, potentially due to sequencing errors or to polymorphisms between the publicly available genome sequence and the genome of the Col-0 population used in our experiments. In this context it has to be kept in mind that the Col-0 populations used in various laboratories around the world have been separated for many generations and have very likely accumulated different mutations over time [27] . The generally lower percentage of mapped reads for N14 can be explained by natural variation between the accessions [28, 29] .
In addition to the percentage of mapped reads, the correctness of the mapping of reads to the reference genome or transcriptome is also of crucial importance to obtain reliable biological information from an RNA-Seq experiment. We found that HISAT2 and STAR had a high overlap of reads mapping to the same position in the reference sequence. The differences in read positions between bowtie2/RSEM and HISAT2/STAR originated to a large part from the soft-clipping, mostly of the first base of the reads, by both aligners. Soft-clipping can be turned off in both tools and that largely eliminates the observed differences. However, STAR has a higher tolerance for more soft-clipped and mismatched bases compared to HISAT2, which leads to a higher mapping rate for STAR and more unmapped reads for HISAT2 [24] . Also, in our analysis, STAR showed the highest fraction of mapped reads for both accessions among all compared mapping tools.
Our analysis of an in silico generated RNA-Seq data set also indicated that differences in the mapping quality between the three mappers are most likely due to their different ability to deal with mismatches. About 99% of the primary aligned reads were correctly positioned and the mappers showed the same performance when synthetic reads without any mismatches between read and reference sequences were used. This indicates that mapper performance may also depend on other factors, such as the complexity of the genome, read length and read quality [22] . The high fraction of correctly mapped reads may in part be due to the comparatively small genome of Arabidopsis with roughly 130 megabases and a low content of repetitive DNA sequences [30, 31] . Regarding the secondary alignments, RSEM showed a high number of multimapped reads. The mapping for RSEM was performed with the mapper bowtie2 which searches for distinct, valid alignments for each read. As long as no upper limit is defined, bowtie2 will continue to look for all alignments that are as good or better for one read [32] . If the same read maps multiple times with the same quality string, the primary alignment is chosen randomly. The quantification algorithm of RSEM also depends on a high number of multi-mapped reads.
From a biological point of view, the quantification of gene expression is the most important part of an RNA-Seq experiment as researchers are mostly interested in the identification of differentially expressed genes, either between conditions or between genotypes. Correct mapping, as discussed above, is important to identify the correct genes as being differentially expressed. However, determining the correct read count numbers is of at least equal importance [33] . We have addressed this issue on two levels by comparing raw counts for the different genes or transcripts among the mapping tools and by comparing differentially expressed genes between plants grown under ambient and cold conditions identified by the different tools.
To investigate the results obtained by the different tools on the basis of raw counts, raw count numbers for each gene/transcript of a single sample from Col-0 and N14 each, generated by the different mappers, were plotted against each other. In general, high similarities among the mappers were observed, indicated by correlation coefficients close to 1. Similarly, when the raw counts were compared between mappers for all 36 biological samples generated in this study, R v values close to 1 indicated a good correspondence in the expression levels computed by all seven software tools.
To analyse the effects of the mapping tools on the DGE analysis, we compared expression levels of control plants grown at ambient temperature with expression levels of plants that were exposed to 4 • C for three days (cold acclimation; compare [17] for a detailed description). Significantly differentially expressed genes were in all cases identified using the DESeq2 tool. The results showed that the raw counts generated by the different mappers resulted in clear differences in the number of significantly differentially expressed genes, with an overlap between mappers from 98.0% between kallisto and salmon in Col-0, and 92.1% between bwa and STAR in N14. The small sample size (three samples per condition and accession) may of course contribute to the uncertainty in identifying differentially expressed genes unambiguously [34] . However, this sample size is currently the standard in biological experiments and therefore our results give a realistic impression of what the user can expect from the performance of these tools.
Finally, the results from DESeq2 and from the DGE-pipeline of CLC were compared. Interestingly, CLC identified about 50% more differentially expressed genes than DESeq2. Since the same alignments for downstream analysis were used in both cases, this difference cannot originate from differences in the mapping and raw count generation. Therefore, the normalization (to one million counts) as well as the statistical tests used by CLC must have led to these differences. In a transcriptome analysis of mouse tissues, different DGE tools such as DESeq2 and CLC were compared, resulting in a better performance for DESeq2 compared to both CLC approaches [35] . The results were experimentally validated by qRT-PCR for 18 differentially expressed genes. For the CLC Baggerly approach large differences to qRT-PCR results were shown. The CLC EDGE approach yielded results that were more similar to the expression changes found by qRT-PCR and those detected by DESeq2. However, in our analysis, the CLC approaches yielded results that were largely different from those obtained by DESeq2.
Materials and Methods
Experimental Dataset
RNA samples of the Arabidopsis thaliana accessions Col-0 and N14 were used for RNA-Seq as described in detail recently [17] . Plant material was collected from three independent biological experiments resulting in a total of 36 samples. Samples were taken after 28 days of growth at 20 • C, after an additional three days of cold acclimation at 4 • C, after a subsequent seven day period at 20 • C and after a final three days at 4 • C. Additionally, samples from developmental control plants were taken after 35 days at 20 • C and a subsequent three days of cold acclimation at 4 • C (Details of all samples are given in Table A3 ). Library preparation and sequencing were performed by the Max-Planck Genome Centre Cologne, Germany (https://mpgc.mpipz.mpg.de/home/). Libraries were constructed with NEBNext Ultra Directional RNA Library Prep Kit for Illumina (New England Biolabs) including polyA enrichment. Illumina HiSeq 3000 technology was used for sequencing and yielded 150 base pair (bp) long single end reads. RNA-Seq raw counts are available at GEO [36] under the accession number GSE112225. A detailed biological analysis of the RNA-Seq data has been presented recently [17] .
Mapping
Quality control of the raw reads and adapter trimming have been described previously [17] . The genomic FASTA sequence, cDNA and GTF annotation files of Arabidopsis thaliana Col-0 were downloaded from EnsemblPlants [37] , version TAIR10, release 31 [38] . For read mapping bwa, CLC Genomics Workbench, HISAT2, kallisto, RSEM, salmon and STAR were used, employing pre-defined default parameters as far as possible (Table 6 ). Bwa aln was used for higher sensitivity and resulting sai files were converted into alignment files with bwa sampe. For kallisto and salmon it was necessary to set parameters for single-end data, define the estimated average read length as well as its estimated standard deviation. As index mode for salmon, -type quasi and a stranded library type were chosen. For expression quantification kallisto and salmon were run in quant mode. For STAR, 1-pass mode was used and additional parameters were defined to sort the alignments, to limit multi-mapping and to keep unmapped reads in the alignments as well as generating the gene count output. HISAT2 was run with default parameters, for index generation annotation was included ( Table 6 ). All tools are freely available except the CLC Genomics Workbench which is a commercial tool that requires purchase of a license. For the mappings without annotation, HISAT2 was run with default parameters and without inserting the annotation into index generation. STAR was run in the 2-pass mode. To determine the reads mapping on exons, featureCounts v2.0.0 [39] (-primary -T 10 -f -O -F GTF -t exon -g gene_id) was used. Expression values were natively generated by five of the seven mappers. For bwa, samtools idxstat and for HISAT2, featureCounts v. 2.0.0 [39] were used to determine raw counts. For mapping statistics and further analysis of the alignment files, samtools v1.3 [40] was employed. 
Comparison Based on Expression Values
For the comparison of the expression values (raw counts), samples A for Col-0 and B for N14 (grown under 20 • C control conditions; see Table A3 ) were chosen as an example. Raw counts were log 2 (counts + 1) transformed and results visualized with the R-package ggplot2 [42] . For an overall comparison the R v coefficient [43] based on correlation matrices of the unfiltered raw count tables of samples A and B over all mappers was calculated using the R-package FactoMineR [44] . Spearman correlation was used for correlation analysis and the significance of the results was tested as described [45] . The results were visualized employing the R-package corrplot [46] .
Differential Gene Expression
Prior to the differential gene expression (DGE) analysis, estimated read counts provided by RSEM, kallisto and salmon were rounded to obtain integer values. The resulting count tables for all mappers were filtered to discard lowly expressed genes by keeping only those with a sum greater than five counts per gene for all 36 samples. The DGE analysis was performed using the R-Package DESeq2 [18] including the normalization step. For CLC, alignment files were extracted and processed in the same way as for the other six mappers. Data was loaded with the function DESeqDataSetFromMatrix. Additional parameters for DGE were used as follows: test = "Wald", fitType="local" and including a batch effect correction in the design formula. For determining differentially expressed genes, a threshold p-value < 0.1 after false-discovery rate correction [47] and an absolute log 2 fold change > 1 were used. Results of the comparison control vs. cold acclimation (Table A3) Additionally, the built-in CLC workbench plugin for DGE was tested based on the mappings generated by CLC. Data was normalized "By totals" to a value of 1,000,000. Normalized data was used for determination of differentially expressed genes using the "Empirical analysis of DGE" [19] and "Baggerly's test on proportions" [20] with multiple testing correction of the generated p-values [47] . Next to the control vs. cold acclimation comparisons described above, the cold acclimated developmental controls (samples I, U, AG for Col-0 and J, V, AH for N14) were compared to the second cold stress treatment (samples K, W, AI for Col-0 and L, X, AJ for N14; Table 1 ). The numbers of significantly differentially expressed genes (FDR p < 0.05, abs(log 2 fold change) > 1) were compared with the results obtained by DESeq2 based on the STAR alignments.
Mapping of in Silico Generated Reads
To investigate the mapping quality of the tools, reads were generated in silico using the A. thaliana transcriptome (TAIR10) and applying a sliding window approach (window size: 150 bp, shift: 1 bp) resulting in approximately 58 × 10 6 in silico reads. Reads were mapped with HISAT2 (using the same parameters as above), RSEM and STAR (without -outFilterMultimapNmax and -alignSJDBoverhangMin). For identification, the in silico reads contained the transcript name and the position of the read on the transcript as identifiers. Additionally, the GTF annotation file was reduced to the exon entries and the overlap with the resulting alignment files of HISAT2, RSEM and STAR was determined with bedtools [48] . Furthermore, transcript IDs were compared between alignment entry and GTF entry to identify correctly mapped reads.
Conclusions
All tested mappers provided highly comparable results for mapping Illumina reads from the genetically distinct Arabidopsis accessions Col-0 and N14 to the Col-0 reference genome or transcriptome. The same was true for the determination of DGE when DESeq2 was used for processing. We conclude that all seven mappers can be equally used for RNA-Seq data analysis in Arabidopsis, even with different accessions. The only caveat is that using the CLC software for the identification of DGE yielded strongly varying results. Further research will be needed to establish whether read mapping to more complex genomes with larger non-coding regions or higher ploidy levels would pose additional challenges that may reveal larger differences between the mappers. 
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Burrows-Wheeler-Transformation Appendix A Table A1 . Number of reads for raw and pre-processed data. Pre-processed raw data was filtered for a minimum read length of 80 base pairs and Illumina adapters were removed. Tools are sorted alphabetically by name. Total describes the fraction of mapped reads for both accessions Col-0 and N14. Samples were taken from three independent biological experiments. C28/C35: Control plants after 28 days or 35 days of growth at 20 • C; C28P3/C35P3: plants after an additional 3 days of cold treatment at 4 • C; C28P3L7: cold treated plants after a further 7 days at 20 • C; C28P3L7T3: plants after an additional 3 days at 4 • C.
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